Abstract: Usually, QSPR is not used to model organometallic compounds. We have modeled the octanol/water partition coefficient for organometallic compounds of Na, K, Ca, Cu, Fe, Zn, Ni, As, and Hg by optimal descriptors calculated with simplified molecular input line entry system (SMILES) notations. The best model is characterized by the following statistics: n=54, r 2 =0.9807, s=0.677, F=2636 (training set); n=26, r 2 =0.9693, s=0.969, F=759 (test set). Empirical criteria for the definition of the applicability domain for these models are discussed. Warsaw and Springer-Verlag Berlin Heidelberg. 
Introduction
Quantitative structure -property/activity relationships (QSPR) predict physicochemical parameters for substances that have not been examined experimentally [1] [2] [3] . The octanol/water partition coefficient, called K ow (its logarithm is called logP), is an important parameter for many environmental and ecotoxicological properties [4] [5] [6] and has been related to properties, such as adsorption, bio concentration factor, and aquatic toxicity [7] [8] [9] [10] . Considering the influence of the organometallic substances in biochemistry, medicine, and ecology [11] , QSPR analysis could be useful for both theory and practice. However, studies of organometallic compounds are rare or absent. Classical QSPR analysis is based on molecular graphs [1, 2] , but an alternative to the molecular graph is the simplified molecular input line entry system (SMILES) [12] [13] [14] [15] [16] .
The present study was designed to estimate the predictive potential of SMILES-based optimal descriptors for the QSPR of the K ow of organometallic substances. The increasing number of databases with representation of molecular structures by the SMILES, and the convenience of the SMILES for chemical interpretations were reasons for the study.
Experimental Procedures
Experimental data for 80 organometallic compounds with their SMILES were taken from The United States Library of Medicine database [17] . Our software had prepared series of random splits into the training set and test set. We have selected for this study one split that is characterized by similar ranges of logP for the training and test sets. 
where 1 s k , 2 s k, and 3 s k are SMILES attributes of one, two, and three elements, respectively. A similar approach has been tested in QSPR analysis for the normal boiling points of organic compounds [16] . The element of the SMILES can be a symbol of the SMILES notation (for instance c, C, n, N, =, etc.), or two symbols of the SMILES encoding an image (for instance Cl, Br, @@, etc.); CW(x) is the correlation weight for the SMILES attribute x (i.e., the 1 s k , 2 s k, and 3 s k ). The CWs are calculated by the Monte Carlo method optimization procedure that provides CW values, which when used in Eq. 1, gives the maximum for the correlation coefficient between the descriptor and K ow .
There is an analogy between the three-level separation of the SMILES notation in the 1 s k , 2 s k, and 3 s k attributes and the extended connectivity of zero-(vertex), first-(edge), and second order (path of length 2) defined in molecular graph [2] . Instead of ')' the symbol '(' was used in the optimization procedure because both indicate the same phenomenon (branching). The similar situation is for the symbols '@' and '@@': each '@' was replaced by '@@', because these symbols are indicators of chiral centers.
The SMILES attributes of the 2 s k and 3 s k types are organized according to ASCII codes of their elements. In other words, for each AB and ABC there is only one representation in the list of attributes (i.e., the presence of both ABC and CBA or both AB and BA is impossible).
For the compounds used in this study, there are 509 SMILES attributes (including all types: 1 s k , 2 s k, and 3 s k over both the training and test sets). Some appear many times in the training set. There are also some that are rare in the training set, or even absent. These SMILES attributes can lead to over-fitting. The LimN index has been suggested as a tool for distinguishing the SMILES attributes according to their numbers in the training set [18] . All SMILES attributes whose presence in the training is less than LimN are assigned with correlation weights equal to 1. These attributes are blocked and do not influence modelling. The number of active (non blocked) attributes is also a mathematical function of the LimN. Only active attributes take part in the modelling, which is an optimization by the Monte Carlo method [19] . The target function of the optimization is a correlation coefficient between the toxicity and the DCW that is calculated with Eq. 1. A maximal value should be obtained for the correlation coefficient over the training set. However, good statistics for the training set may be accompanied by poor statistics for the test set. the best results, also considering the external test set when limN=13. Fig. 1 shows the influence of the limN. SMILES attributes that are relatively rare do not produce robust models, and can only increase overfitting. An empirical formulation of the applicability domain of the models might be the following: 1. the training set should contain as many active SMILES attributes as possible; 2. the test set should be selected so as to provide the largest number of active attributes. Table 2 compares the statistical characteristics of the models obtained with limN=13 in three probes using the Monte Carlo method. The correlation weights of the active (non blocked) SMILES attributes are listed in Table 3 . Only Na is presented in this list, because all other metals have scarce influence on the correlation coefficient between octanol/water partition coefficient and the DCW(limN). An example of the DCW (13) calculation is presented in Table 5 contains the experimental and calculated data on the octanol/water partition coefficient. Graphically, the model is shown in Figs. 2 and 3 for the training and test sets, respectively. The range of K ow is about 30 log units.
Results and Discussion
The influence of molecular fragments can be detected via SMILES attributes ( Table 3 ). The number of attributes in the training set (as well as in the test set) is an important characteristic of the attribute. If the numerical values of the correlation weight of the given attribute in three probes of the Monte Carlo optimization are more than 1, the attribute is a promoter of the increase of logP. Vice versa, if numerical values of the correlation weight are less than 1, the attribute is a promoter of the decrease of logP. However, the number of the attributes in the training set (as well as in the test set) should be taken into account. The abovementioned data are collected in Table 3 . If a SMILES attribute has both more than 1 and less than 1 values of its correlation weight in three probes of the Monte Carlo optimization, then the role of the attribute (i.e., is the attribute a promoter of increase/decrease of the logP?) cannot be defined. For instance, branching and the presence of double bonds, i.e., 3 s k ='___(_______' are promoter of logP increase, whereas, combining oxygen with double bonds, i.e., Table 4 . Example of the DCW (13) 
